With the extensive use of microarray technology as a potential prognostic and diagnostic tool, the comparison and reproducibility of results obtained from the use of different platforms is of interest. The integration of those datasets can yield more informative results corresponding to numerous datasets and microarray platforms. We developed a novel integration technique for microarray geneexpression data derived by different studies for the purpose of a two-way Bayesian partition modelling which estimates co-expression profiles under subsets of genes and between biological samples or experimental conditions. The suggested methodology transforms disparate gene-expression data on a common probability scale to obtain inter-studyvalidated gene signatures. We evaluated the performance of our model using artificial data. Finally, we applied our model to six publicly available cancer gene-expression datasets and compared our results with well-known integrative microarray data methods. Our study shows that the suggested framework can relieve the limited sample size problem while reporting high accuracies by integrating multi-experiment data.
Introduction
The growth of high-throughput technologies, such as microarrays and next generation sequencing (NGS), has been accompanied by active research in data analysis, producing new analysis tools and statistical methodologies. Microarray technologies, in particular, have matured rapidly over the past few years and present major challenges in managing, sharing, analysing and re-using the large amount of data generated [1] used clustering algorithms such as k-means and mixture models that require the specification of the number of clusters, our methodology applies a Markov chain Monte Carlo (MCMC) search to sample from the posterior distribution of the partition model parameters [24] . Based on the useful empirical assumption that the genes are expressed via a binary activation pattern across biological samples, i.e. they are either regulated or non-regulated in each biological sample [15] , our model assumes that in each dataset there exist a group of significantly low gene-expression values. We finally report the posterior probability of each gene value being derived by a normal distribution with zero mean value, marginalized over 100 random bootstrap samples of the data. This is a common probabilistic scale which unifies disparate gene-expression data, and acts as a summary measure of the significance of each gene.
The suggested methodology can be directly applied to RNA-sequencing data, the alternative to microarrays; however this involves an important truncation of the data in terms of gene entries since we are trimming datasets to only include the common genes among them. An interesting application would be to include complementary views of the genome and in that way employ the ability of RNA sequencing to quantify extreme transcription levels, although that is beyond the scope of this work.
Methods
We developed a Bayesian two-way partition model to estimate the optimal partition of multiexperiment data given the parameters of the underlying distributions for each cluster. Similar to the model suggested by Wang & Chen [15] , we made the useful empirical assumption that the genes are expressed via a binary activation pattern across biological samples, i.e. they are either regulated or non-regulated in each biological sample. We assume that non-regulated genes may contain expression values that are normally distributed around zero with a small variance, and that regulated genes are normally distributed with a cluster-specific mean value and variance parameters. Finally, we report the posterior probability of each value being derived by a normal distribution with zero mean value given the data partition, a measure which allows us to unify datasets on a probability scale.
(a) Bayesian partition modelling
Let us consider a data matrix X = {x s ij } p×n×S , where i and j index p genes and n biological samples, respectively, and s = 1, . . . , S index the number of different microarray studies considered with
In the context of gene-expression microarray analysis, x s ij represents the logarithm of the expression level of gene i measured in biological sample j and study s. Only the common genes across the S studies are considered. Given X, we seek for an unordered collection of non-empty groups of genes which exhibit similar patterns across specific groups of biological samples or vice versa, while the groups themselves are different. Specifically, observations belonging to the same subset are assumed to be exchangeable, and observations from different subsets are assumed to be independent; we refer to these groups as biclusters. Thus, biclustering searches directly for submatrices of the data matrix X, i.e. biclusters, whose entries meet a predefined criterion.
We assume that all genes belonging to a bicluster follow a normal distribution, where φ(x|μ, σ 2 ) denotes its probability density function with mean μ and variance σ 2 . Furthermore, we assume that there always exists a bicluster consisting of low gene-expression values, i.e. derived from a normal distribution with a zero mean value. Those gene-expression values could belong to non-regulated genes given the phenotype of interest (e.g. normal or cancerous biological samples). We consider that they form a single bicluster, which we denote by C 0 , and follow a normal distribution with zero mean value, C 0 = {x ij ; x s ij ∼ N(0, σ 2 0 )}. The data matrix X consists of K + 1 clusters, including C 0 . Each of the K remaining clusters, say the kth, consists of geneexpression values that follow normal distributions with bicluster-specific mean and variance parameters, 1 . Illustration of the model-based integration scheme for multi-platform gene-expression data. The unified data X are considered, consisting of the set of common genes and different biological samples of the same pathology. In step (a), geneexpression values are assigned to biclusters based on the binary indicator matrix R, where yellow values denote 0 and blue values denote 1 say. In step (b), we show how blue biclusters in A surrounded by yellow biclusters, and vice versa, are considered to form five individual biclusters, where the different colour scheme denotes the different normal distributions. In step (c), we select at random the dark blue-coloured bicluster to be the C 0 bicluster. The remaining biclusters follow different normal distributions denoted by the different colours.
In order to define the number and boundaries of the inferred biclusters, we introduce a binary indicator matrix R = {r s ij ∈ {0, 1}, i = 1, . . . , p, j = 1, . . . , n, s = 1, . . . , S} to specify the inclusion of the (i, j)th gene-expression value of the s study to each of the K + 1 estimated biclusters [25, 26] . The gene-expression value x s ij is assigned to a bicluster when r s ij = 1. Alterations between zero and one values indicate the biclusters' borders. We assume that a bicluster should at least consist of five values. As can be seen in figure 1 , the binary pattern creates different biclusters, in this case five biclusters are formed (step (b)), and then one is selected at random with equal probability to be the C 0 bicluster (step (c)). A cluster is defined by a group of r s ij = 1 values surrounded by r s ij = 0, or vice versa. In that way (K + 1) biclusters are formed. Note that each bicluster yields two marginal clusters for rows (genes) and columns (biological samples), and thus the r s ij indicators are designed to identify a set of biological samples that have a common pattern of responses across a set of genes [27] .
Given R, K, the composite likelihood can be expressed as
where
The mean values {μ k } and the bicluster membership indicators {r ij } are designed to identify a set of biological samples that have a common pattern of responses across a set of genes. We adopt standard conjugate priors for the partition model parameters, i.e.
P(σ
k are specified based on the biological samples' means and variances. We set Bernoulli's distribution probability of success equal to π r ij = 1/2. Additionally, we set a uniform prior probability distribution to select which of the (K + 1) biclusters will be assigned as C 0 with P(C 0 ) = 1/(K + 1), also imposing the threshold of each bicluster having at least five gene-expression values. Then, the joint posterior distribution is
The objective function in this case is the marginal posterior distribution P(R, K|X), which is derived by placing priors on all the parameters in the model and marginalizing over all parameters except the indicator variable R and the number of clusters (K + 1), which are the parameters of interest. Note that, unlike mixture modelling methodologies, our model contains the parameters R and K which are directly relevant to the basic partitioning problem.
(b) Computational strategy
We use the MCMC sampler [24] to sample R and K from the posterior distribution. Our algorithm cycles through all rows and columns sequentially, flips the indicator variables of each row or column, and then decides whether to accept the change based on the acceptance rate. The detailed procedure of our algorithm is as follows.
1. Initialize the partition structure:
(a) randomly assign binary indicators r s ij values for each (i, j) gene-expression value to be either one or zero, which sets the initial number of (K + 1) biclusters, (b) randomly select one of the (K + 1) biclusters to be C 0 bicluster.
Alterations of one-zero values indicate the borders and length of each bicluster, while we impose the threshold of each bicluster having at least five elements. A bicluster is defined by a group of identical r ij values encompassed by 1 − r ij values. 2. Cycle through all rows and columns sequentially. At each cycle propose which r s ij values to flip with probability p m ∈ (0, 1). 3. Propose merging two biclusters with the same r s ij indicator values with probability p sm ∈ (0, 1), and split a randomly selected cluster with probability 1 − p sm . The proposed change is then accepted with probability equal to the Bayes factor in favour of the proposed model over the current one. 4. Repeat the cycle until convergence.
(c) Resampling
The above partition model is repeated independently for 100 different bootstrap samples of individuals per study s. Particularly, for each study s, and for all the common genes p in the S studies, we consider 100 bootstrap samples consisting of 1000 individuals randomly selected with replacement from n. Finally, for each of the formed data matrices and for each x s ij value, we compute the posterior probability p ij of this value belonging to C 0 bicluster given R and K parameters, i.e. we test model M 0 :
= number of times x s ij value belongs to C 0 over all boostrap samples number of all bootstrap samples , which is simplified since we consider p(M 0 ) = p(M 1 ). Thus, each gene-expression value is now transformed to a posterior probability value which depicts how likely it is for this value to belong to C 0 bicluster, given the data. The bootstrap resampling is used in order to improve the accuracy with which posterior probabilities are estimated. merge the gene-expression matrices to form a unified matrix which accounts for any gene dependencies. The methodology was implemented in C++ using gsl library (http://www.gnu. org/software/gsl/). The source code can be downloaded at http://www.bioacademy.gr/ bioinformatics/Xplatform/.
Results
The suggested framework enables the integration of gene-expression results performed under diverse microarray study conditions, therefore relieving concerns from the intractable 'large p, small n' problem. The validation results presented below intend to assess our framework, and in particular the percentage of genes shared in common between individual and integrated data, and also its classification potential given the pathology of interest. An initial assessment is performed with simulated data generated under two 'biological' conditions. Additionally, we assess our method's performance with publicly available data from six different studies and two pathologies, i.e. breast cancer and lung cancer. Results obtained from our model, based on simulated and publicly available data, are also compared to those derived by recently published multi-platform integration methodologies.
(a) Performance assessment for simulated data
To evaluate the performance of our methodology, we simulated data by adopting the strategy followed by Wang & Chen [15] . We generated gene-expression values for two independent studies S 1 and S 2 . Each dataset consists of 5000 genes and 200 biological samples under two conditions, treatment (40 biological samples) and control (160 biological samples). In each dataset, 500 genes are simulated to be differentially expressed between the two conditions. The differentially expressed genes between the two conditions for each dataset were selected by using Welch t-test p-values with Benjamini-Hochberg correction [28] . We used our method to integrate the two datasets and form a merged data, denoted by S 1 + S 2 , and subsequently select the differentially expressed genes using corrected Welch t-test p-values. The data were also integrated by using the Gaussian Mixture Modeling-Information Gain (GMM-IG) method by Wang & Chen [15] . GMM-IG is a model-based two-stage methodology; during the first phase, GMM is used to quantify gene expression measurements of the data by using a mixture of two normal distributions per gene, while during the second phase an IG method is applied to select and rank the important genes from integrated datasets. GMM-IG methodology resembles our method in that it assumes two distinct biological states for each gene, i.e. regulated and non-regulated for case and control biological samples, respectively. This is considered to be the null model for the partition framework we present. In particular, although we consider one group of non-regulated gene values, we allow the regulated gene values to be derived by more than one normal distributions, thus unlike GMM-IG we are not fixing the number of clusters but estimating its optimum. Furthermore, GMM-IG treats each gene separately and binirizes it based on its measurements derived from the mixture of two normal distributions in normal and cancerous biological samples. Our partition framework models all gene values together, and in that way considers possible interactions between gene values belonging to the same cluster. Rather than binirizing the data using phenotypic information (e.g. cases versus control biological samples), we report the posterior probability of each gene value belonging to the non-regulated group of genes. Finally, our method only suggests how different datasets can be transformed and merged, without suggesting a gene ranking procedure which can be done by using any statistical significance test on the posterior probabilities data matrix, such as the Welch t-test. Nevertheless, a comparison of the two methodologies is presented here, since the integrated data are generated under two distinct biological states, and we would expect both methodologies to perform well. Figure 2a shows a correspondence at the top (CAT) plot [15, 29] , which assesses the agreement of the top differentially expressed genes by showing the proportion of true differentially expressed genes found in each dataset. Particularly, we rank the 500 true differentially expressed genes for Results are shown for S 1 , S 2 , the integrated dataset using our methodology, S 1 + S 2 , and GMM-IG method. A randomly selected list of 500 genes is also included (black line). (b) The integration-driven discovery rate (IDR) plot for the proportions of genes that were found to be differentially expressed only in the integrated data S 1 + S 2 using our methodology. (c) The IDR plot for the proportions of genes that were found to be differentially expressed only in the integrated data using the GMM-IG framework. In all cases, differentially expressed genes are ranked by Welch t-test corrected p-values. (Online version in colour.) S 1 , S 2 and S 1 + S 2 (integrated using our framework), ranked based on their corrected p-values (p ≤ 0.05). A random selection of 500 genes is also shown (black dashed line), as well as those derived by the GMM-IG method. As can be seen in figure 2 , the proportions of the estimated differentially expressed genes reported for S 1 and S 2 datasets are similar; nevertheless the agreement is higher for the integrated data which indicates the reliability of the integrated methodology. The agreement between our methodology and GMM-IG is higher compared with the randomly ranked gene list; also we can observe a good agreement between the two transformation methodologies when the gene list size ranges between 250 and 340 genes, whereas the proportion in common found from our method increases with the gene list size.
We also show the integration-driven discovery rate (IDR) as defined in [30] , namely we report the percentage of genes identified as differentially expressed in the integrated data that were not identified in any of the individual studies. In figure 2b, the plot that the highly differentially expressed genes found in S 1 + S 2 are mostly novel entries compared to those of S 1 and S 2 . In figure 2c , we can observe that the GMM-IG-integrated data follow a similar behaviour.
(b) Breast cancer biomarker case study
In this section, empirical gene-expression datasets from three breast cancer studies [31] [32] [33] are integrated under the suggested framework. All datasets and clinical information files were downloaded from the GEO repository as well as the relevant published studies. Table 1 summarizes the content of the three breast cancer datasets denoted by D B 1 , D B 2 and D B 3 , respectively. We validated our results based on the estrogen receptor (ER) status of biological samples, which has proved to be an important risk factor for breast cancer genesis [37] , having two categorical values ER+ and ER−. Details about the ER status of each study's biological samples are given in the parentheses of the last column of table 1.
Data were normalized and log transformed according to platform type to ensure that the mean expression value for each study is zero and the expression values for a given gene are approximately normally distributed under each condition. Within each dataset, genes with missing values in greater than 30% of the biological samples were removed, and the remaining missing values were imputed using k-nearest neighbours imputation algorithm with k = 10 [38] , as implemented in R (http://www.bioconductor.org/packages/release/bioc/html/ impute.html). We restrict our analysis to the set of common genes in the available studies recognized by cross-referencing HGNC symbols (Hugo Gene Nomenclature Committee, http://www. genenames.org/) using annotate R package (http://www.bioconductor.org/ packages/release/bioc/html/annotate.html), whereas probe IDs mapped to the same gene symbol were averaged. This resulted in a set of 4549 genes common across the three breast cancer datasets.
According to the suggested methodology, values of each data matrix are transformed to posterior probability values p ij , measuring how likely each x s ij value is to belong to the nonregulated group of gene values C 0 , over the 100 bootstrap samples which however retain the ER analogy of the original data (for example 44 : 13 for D B 1 transformation methods, namely we consider a meta-analysis method metaMA [11] , a crossstudy method for the analysis of differentially expressed genes XDE [9] , and two transformation methods XPN [14] and GMM-IG [15] . Their main difference is that XDE and XPN methods use cross-platform corrections, unlike metaMA, GMM-IG and our methodology. Additionally, the phenotypic information is included in the model parameters for metaMA, XDE and GMM-IG methods, whereas for XPN and GMM-IG methods pre-specify the number of clusters in the data. In gene-expression data analysis, the most important goal may be to find a set of genes showing notably similar upregulation and downregulation under a set of conditions. We selected a 100 gene signature consisting of the most significant differentially expressed genes with respect to ER status, in order to evaluate their significance as candidate biomarkers. In all cases, we selected the 100 most significant genes with respect to ER. Four classifiers, KNN, support-vector machine (SVM), naive Bayesian classifier and decision tree, were employed to evaluate the estimated gene sets as implemented within the e1071 R package (http://cran.r-project.org/web/packages/e1071/index.html). For each classifier, we performed 10-fold cross-validation tests over D B 3 dataset using the 50 most highly significant genes based on corrected Welch t-test p-values (p ≤ 0.05). Particularly, the datasets were randomly divided into two sets retaining their ER ratio: 90% of biological samples were assigned to the training set and 10% of the biological samples were assigned to the validated set. The training set IDs were used to train the classifier and the classification performance of the trained classifier was then evaluated on the validated set. We repeated the procedure 100 times calculating the mean classification accuracy. In table 2, we report the average classification accuracies. We can observe that our method's average classification accuracies are higher than or comparable to those by metaMA, XDE, XPN and GMM-IG methodologies, whereas SVM is appearing to be the most conservative of the four classifiers used. Our methodology outperforms XPN, which also uses partition modelling. This could be attributed to the fact that the number of clusters in XPN are estimated by k-means algorithm, whereas our method estimates them by maximizing the suggested likelihood model. Overall, we can observe that our method's classification accuracy results resemble those of GMM-IG for all four classifiers; this should be expected due to the binary nature of the specific classification problem (two ER biological states) which is the underlying model for both methods. Figure 3 shows the IDR plot for the proportion of genes found to be differentially expressed between ER+ and ER− biological samples in the integrated data and were not reported as such in any of the individual studies. Here, our Bayesian partition model is denoted by BPM. We compare our method's performance to those of XPN methodology, which is also based on partition modelling, and GMM-IG method, which was reported to perform well in terms of classification accuracy as shown in table 2. Both XPN and GMM-IG methods perform well; however GMM-IG outperforms the other two methods for strict p-value threshold values, being the only method containing a gene ranking process. However, in accordance with the simulated data results, our method performs better as the p-value threshold increases, which suggests that our methodology estimated additional differentially expressed genes for the integrated breast cancer data.
(c) Lung cancer biomarker case study
We also consider three lung cancer gene-expression studies originally derived in [34] [35] [36] average classification accuracies reported, our methodology seems to outperform all methods but GMM-IG, which should be attributed to the fact that GMM-IG includes a ranking stage, and thus the 50 gene signature in the case of GMM-IG is carefully scrutinized. Nevertheless, our method outperforms GMM-IG with the decision tree classifier and seems to perform similar to XPN which is also based on a partition model. In figure 4 , we show the IDR plot for the proportion of genes found to be differentially expressed between the biological samples of different disease stages in the integrated data using our methodology, denoted by 'our BPM', and were not reported as such in any of the individual studies. Again we can observe that the number of common differentially expressed genes increases with the p-value threshold, although in this case values range from 0.3 to 0.72. All three methodologies exhibit similar performance; nevertheless GMM-IG methodology performs well for gene lists with p ≤ 0.02, whereas our method performs better for longer gene lists. The analysis on simulated and empirical cancer datasets showed that our method increased power and reproducibility. Furthermore, we have established that our methodology can produce comparable results with other meta-analysis and transformation methods, when identification of differentially expressed genes and classification of experiments are considered, even though a selection procedure is not included in the suggested framework.
One of the major advantages of our method is that we can unify gene-expression datasets based on the estimated partition of the data without taking into account the biological samples' phenotypic structure or specifying the number of clusters in the data nevertheless that could be imposed to the model. A possible extension of the model is to filter the data by a particular biological function of interest and in that way resemble other methodologies which aim to integrate only functionally important subset of genes. An important future research direction is to apply our method to NGS data, such as RNA sequencing data or copy number variations, and consider amendments in order to analyse multiple diverse data which often offer complementary genome information.
